to disentangle the impacts of niche-based processes such as environmental filtering and competition identify contrasting patterns among clades. Finally, it models all species simultaneously and so does not compare species' individual drivers of presence/abundance, making it capable of detecting 164 clade-wide overdispersion (c.f. Leibold et al., 2010; Borregaard et al., 2014) . 165 Because our clade-wise test of phylogenetic dispersion is novel, so too are our definitions of overdis-166 persion and clustering (c.f. Webb, 2000; Webb et al., 2002; Cavender-Bares et al., 2009 ). Here we 167 define a clustered clade not on the sole basis of presences within a single site, but rather the pattern 168 of presences and absences across multiple sites. For example, the clustered clade in figure 2 would 169 not traditionally have been considered clustered in site B. To emphasise this distinction, we refer 170 to our patterns of phylogenetic structure as β-clustering and β-overdispersion. 2013)) and sites ((LCBD indices in Legendre & De Cáceres, 2013) ) to β-diversity patterns to also 178 compare the contributions of clades. While we focus solely on phylogenetic clades in this manuscript, 179 we see no reason why this approach could not be applied to other (hierarchical) groups of species, 180 such as those produced using functional traits (Petchey & Gaston, 2006) and interactions between 181 species (Poisot, Guéveneux-Julien, Fortin, Gravel, & Legendre, 2017) . 182 We suggest two ways to assess the significance of a clade's departure from the expected variance 183 (the clade-level variances, σ 2 , in figure 2). The first is an 'exact' method based on the expectation 184 of variances, and is described in the Supplementary Materials. The second method is based on the 185 comparison of observed clade variances with null distributions of variances estimated via permu-186 tation (e.g., reshuffling species' identities across the phylogeny, reviewed in Gotelli, 2000; Miller, whether a clade has unusually high or low variance. The null model approach protects against cases 189 where a clade whose members are entirely absent or omnipresent within a set of communities is 190 highlighted as a clade with low variance (i.e., displaying no, or trivial, pattern). 191 3.3 Simulations testing clade-level variation in β-diversity 192 We used simulations to verify our method's ability to detect variation in assemblage composition 193 among clades. Below we describe each parameter of the simulation, listing each parameter in 194 italics and its values across the simulations (in parentheses). We simulated phylogenies of n spp 195 species (either 50 or 100) following a pure-birth Yule process (using geiger ; Pennell et al., 2014) . 196 We then selected a focal clade containing either 5-10% or 10-20% of the species in the phylogeny, 197 and simulated a trait under Brownian motion (root set to 0, also using geiger ; Pennell et al., 198 2014) across the entire phylogeny with a σ 2 (0.5, 1, 1.5, 2, 2.5; σ 2 tree ), excluding the focal clade, 199 for which traits were simulated with σ 2 a multiple of 10 greater or lesser than across the entire 200 tree (×10 −3 , 10 −2.75 , 10 −2.5 , ..., 10 3 ; σ 2 clade ). We then simulated community assembly across n site 201 sites (either 50 or 100) based on the simulated trait values: in each site, we randomly selected a 202 species and then drew community members based on their trait distance from the first randomly 203 selected species. Species with absolute differences in simulated traits ≥ 1 from the focal species 204 were assigned a probability of membership of 0, and a species with a difference of |0.5| would have 205 a probability of 0.5. We acknowledge that this mapping between trait difference and probability 206 of co-occurrence is arbitrary, but its simplicity makes it straightforward to consider the impact of 207 a variety of parameter combinations and thus makes our results easier to generalise. In related 208 simulations, however, we saw little evidence that varying this relationship qualitatively affected our 209 method's performance.
210
These simulations represent a form of ecological assembly that is deliberately agnostic with regard 211 to any particular ecological mechanism (e.g., facilitation, competition, or environmental filtering), 212 but, as illustration, they can be matched to the scenario of environmental filtering shown in figure (such that σ 2 clade > σ 2 tree in our simulations), in which case we would expect close-relatives to rarely the rest of the phylogeny (σ 2 clade < σ 2 tree ), in which case we would expect close-relatives to frequently 217 co-occur (a β-clustered clade; see figure 2). Even in simulations where σ 2 clade = σ 2 tree , we still evolved 218 a separate trait for the focal clade, making this an extremely conservative test of our method as 219 assembly was always based on a different trait in the focal clade. in the bottom 2.5% when σ 2 clade > σ 2 tree ), β-clustering (ranked in the top 2.5% when σ 2 clade < σ 2 tree ), 229 and whether it is vulnerable to false-positives (ranked in the top or bottom 5% when σ 2 clade = σ 2 tree -a 230 type I error). Note that clades are hierarchically nested, and so they are not necessarily independent.
231
While we make reference to this in the discussion, we do not conduct simulations to investigate this 232 further, as it is a feature that has been discussed at length in the literature (e.g., Alfaro et al.,
). We draw the reader's attention to the fact that we conducted these simulations over a range 234 of parameter values, with the explicit aim of finding the conditions under which our method performs 235 well and where it underperforms (i.e., across the range of parameters in our simulations). There are two steps to our empirical analysis. In our first step, we examine the β-diversity of all 238 lineages, and use these calculations to detect the clades that most strongly depart from the overall 239 β-diversity patterns. In our second step, we fit a model of trait evolution across the complete 240 phylogeny to assess whether the evolution of those same clades differs from that of the rest of the 241 phylogeny. Our aim is to evaluate whether clades with different β-diversity in the present show 242 evidence of different trait evolution in the past. Above, we argued that this forms a strong test 243 of the imprint of past evolution on present-day ecology, as it sets up explicit hypotheses across 244 different datasets.
245
To provide an empirical example of our approach, we present an analysis of a rodent dataset. We 2012) to the (log-transformed) body mass data. We contrasted models with shared and varying pa-256 rameters for our clades identified as having significantly different ecological β-diversity (see above); 257 support for Brownian and OU models with different parameters for these clades would suggest a 258 link between ecological trait-based assembly and trait evolution. OUwie requires the user to specify 259 which clades are to be tested for differing rates of trait evolution, and our β-diversity analyses (see 260 above) provided this information. Where hierarchically-nested clades were identified, we selected 261 the oldest clade as this is more conservative (the 'cascade' problem; see Discussion) and parameter 262 estimation is more accurate in larger clades (Beaulieu et al., 2012) . In the Supplementary Materials,
263
we present results of a series of permutation tests that we performed to ensure that our evolutionary 264 model-fitting was not biased towards finding support for particular evolutionary hypotheses.
265
Results from our simulations are presented in table 1 and figure 3, and show that our method 267 powerfully and reliably detects variation in phylogenetic structure among clades. Our method has 268 strong statistical power to detect β-clustering (higher variance within a clade; the red line in figure   269 3), and a somewhat reduced power to detect β-overdispersion (lower variance within a clade; the 270 blue line in 3). As shown in the raw results plotted in figure 3 do not necessarily reflect our average expectations for performance 283 of our method.
284
In our analyses of the rodent dataset, we focused on two clades (marked on figure 4 ): the Sciuri-285 dae (squirrels) and their sister family the Gliridae (dormice), and the Echimyidae (a Neotropical 286 rodent family) and some close relatives within what is sometimes called the Caviomorpha (e.g.,
287
South American rodents like the guinea pig). We refer to these two groups as the 'squirrels' 288 and 'cavies', respectively. Both these clades were identified as having low variance (phylogenetic 289 β-overdispersion). Note that our method also detected clades indicative of β-clustering (high vari-290 ance). As the low-variance clades are nested within these high-variance clades, we suggest they 291 might reflect important eco-evolutionary shifts. The detection of both phylogenetic β-clustering 292 and β-overdispersion demonstrates the ability of our method to reveal both kinds of structure in 293 empirical datasets. 294 We find that the squirrel and cavi clades were also characterised by different rates of trait evolution 295 ( and our results compare favourably to this approach (87% detection rate for phylogenetic clustering, 387 53% for overdispersion, but with fewer sites than in our study). It is important to note, however, 388 that these alternative methods are intended to answer different questions, and none of them were 389 designed to measure what we term β-dispersion. We make these comparisons simply to demonstrate 390 that our approach performs reasonably in comparison with others, even in simulations where the 391 number of species in a focal clade could be as low as 5 and the datasets themselves small (50 species 392 or sites).
393
Our simulations show that, in cases where the focal clade makes up a large proportion of the 394 species under study (in our simulations, over 20%) type I error rates could be inflated. We do 395 not feel that this is of concern, for several reasons. First, within our framework, clades must be 396 detected as significant both in terms of their present-day co-occurrence patterns and also their his-397 toric trait evolution. As such, spurious identification of structured clades would tend to weaken 398 any association between their ecology and evolution. Second, it is rare that ecological assemblages 399 are truly randomly structured: the norm is for them to display some degree of phylogenetic struc-400 ture (Vamosi et al., 2009) . We suggest most biologists may be more interested in detecting the 401 difference between β-overdispersion and β-clustering, not β-overdispersion or β-clustering versus 402 random assembly. This is the case in our empirical example, where we examined clades that were 403 β-overdispersed whose sisters were β-clustered. We also note that type I error rates can be even (not, as in the method we are presenting, the species within it). As such each clade in a fully resolved 414 phylogeny would have its variance compared with the variances of the two clades subtending it (our 415 supplementary code permits this). Significance could be tested through null permutation, as done 416 in this study, or potentially through nested ANOVAs. However, we suggest that this cascading is 417 not so much a limitation but rather a matter of interpretation; that a group is β-clustered because 418 it contains other β-clustered groups does not strike us as problematic. A balanced approach could 419 limit the study to particular clades on the basis of age or other variable of interest, or to hold 420 problematic clades constant in null randomisations. 421 We also note that our approach for identifying ecological patterns among clades does not incor- We suggest that the identification of clades with different co-occurrence patterns is of at least 435 as much interest as the summary statistics that have been used frequently to describe overall 436 phylogenetic assemblage structure but which map only poorly to ecological process. Further, we a central goal of community phylogenetics that has rarely been achieved. As a field, community 439 phylogenetics is well-placed to take advantage of recent advances in trait evolution (Pennell & 440 Harmon, 2013; Nuismer & Harmon, 2015) and eco-phylogenetic theory (Pigot & Etienne, 2015) . We 441 have outlined here an approach to directly test links between the processes of community assembly 442 and the evolution of species' traits. As we gain a firmer grasp of assemblages' phylogenetic structure, 443 we can begin to model it as data, not merely measure its pattern.
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No new data are released as part of this manuscript; the mammal phylogeny is from Fritz et al. and 'cavi' clades tested in the evolutionary analysis (see text and table 2). The left-hand phylogeny 697 is coloured according to the ranking of the clades' variances; a quantile of 0 (red; see legend) would 698 indicate a clade whose variance was lower than all 9, 999 null permutations, and a quantile of 1 699 (blue; see legend) a clade whose variance was higher than all 9, 999 null permutations. In the, and random assembly (null, no difference; c) across the simulations. At an α 5% , a predicted quantile of 0.025 or 0.975 would provide statistical support for the focal clade being β-clustered or overdispersed, respectively. Generalised Linear Models with a quasi-binomial error structure were used to account for non-normality of errors in the β-clustering (a) and overdispersion (b) models, and so coefficients are reported on the logit scale. In (a), a greater statistical power to detect β-clustering is most strongly associated with the number of species in the focal clade and the difference in evolutionary rate between the focal clade and the rest of the phylogeny (deviance: null 529 = 105.98 and residual 524 = 67.07; estimated dispersion = 0.30). In (b), a greater statistical power to detect overdispersion is most strongly associated with the difference in evolutionary rate between the focal clade and the rest of the phylogeny and the number of sites sampled (deviance: null 531 = 262.32 and residual 526 = 138.95; estimated dispersion = 0.34). In (c), there is a slight tendency for larger focal clades to appear more β-clustered, and for faster-evolving traits to drive β-overdispersion, even when focal clades evolve under the same model as the rest of the phylogeny (F 4,919 = 11.99; r 2 = 4.96%; p < 0.0001). We recommend that more attention should be paid to coefficient sizes than statistical significance in these models, since statistical significance can be driven by sample size and these are the results of simulations. Table 2 : Results of log(body mass) evolutionary modelling. Above are the θ (optimum), σ (rate), and α (rate of return to optimum) estimates, along with AIC and δAIC values, for all trait evolution models. Each row represents a different model; '-' is used to indicate when a parameter is not fit in a model, and where only a single estimate for a parameter is given (e.g., θ 0 ) only a single parameter was fit across the whole phylogeny. Thus rows one and four represent Brownian motion (models with no optima), and all other rows are variants of Ornstein-Uhlenbeck models. In subscripts of parameters, 'c' refers to the 'capi' clade, 's' to the 'squirrel' clade, and '0' to the remainder of the phylogeny. See text and figure 4 for a description of these species making up each clade. The α and σ estimates have been multiplied by 10 −4 for brevity of presentation. The four most likely models according to δAIC all contain clade-level variation, strongly supporting different patterns of evolution in the clades highlighted by the variation in β-diversity among clades (see text).
